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Abstract
The present paper proposes a new typology for understanding common research errors
which expands upon the four types of error commonly discussed in research literature.
Examples are presented to illustrate Type | and Type Il errors, with attention given to
control of both types of error. Next, an explanation of typical errors that fall into the
Type lll and Type IV categories is offered, along with examples of erroneous’
conclusions researchers draw when committing these errors. Finally, 6 additional types
of error are proposed for addition to the typology, with discussion of how attention to
these newly-identified error categorizations can be useful in improving the quality of

educational research.
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Towards an Extended Typology of Research Errors

Careful design of research is essential if conclusions stemming or arising from
any given study are to be meaningful. Serious flaws in a study’s design or major errors
in the interpretation of a study’ s findings raise serious reservations as to the
generalizability of the research findings. It is often the case that the researcher fails to
control for extraneous variables that may affect the results or fails to utilize a research
design that is robust enough to rule out threats to the internal and external validity of
the study. When these failures occur, the research findings are challenged by “rival
hypotheses” that serve as competing explanations of the findings. As noted by Cook
and Campbell (1979), rival hypotheses may result from various internal validity threats
(e.g., history, maturation, mortality, instrumentation, testing, statistical regression,
selection, interactions with selection, compensatory rivalry, resentful demoralization,
diffusion of treatment) or external validity threats (e.g., selection-treatment interaction,
setting-treatment interaction, history-treatment interaction).

Obviously, a major component of generalizability of results is replication.
Replication, which has oft been called the * hallmark of science,"' allows for maximal
confidence in research results:

replication is an important way to increase the validity of generalizing results to

varying populations and settings. Replication refers to the repetition of a

research study in a new setting (and often by a different researcher) to see

whether similar results will be obtained. To the extent that results are replicated
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with varying populations and different settings with variations in the operational

definitions of the research variables, it becomes increasingly likely that a

generalization to other populations will be valid. (Vockell & Asher, 1995, p. 344)
Despite the importance of full replication, it is also important that researchers realize the
importance of assessing generalization of results within the confines of a single study
considering that replication may be timely and/or costly.

In addition to controlling for various validity threats, it is also important that the
researcher controls for various sources of error that may contaminate data and thereby
affect the interpretation of the results, including (a) use of inadequate or biased
samples, (b) inappropriate specification of one or more of the study’ s variables
(Pedhazur & Schmelkin, 1991), (c) failure to consider the effects of the reliability and/or
validity of data on the statistical results (Crocker & Algina, 1986; Onwuegbuzie &
Daniel, 2000a), (d) inadequate statistical power (Cohen, 1988); (e) violated
assumptions of statistical tests (Glass, Peckham, & Sanders, 1972; Keselman et
al.,1998), (f) use of multiple parametric statistical tests without controlling for inflation of
Type | error (Stevehs, 1996), and (g) use of univariate statistical tests when multivariate
tests more appropriately reflect the reality of the data in hand (Fish, 1988).

Results may also be contaminated by data interpretation errors (Daniel, 1998,
1999; Hall, Ward, & Comer, 1988; Keselman et al., 1998; Onwuegbuzie, 1999,
Onwuegbuzie & Daniel, in press; Thompson, 1998a; Vockell & Asher, 1974; Ward, Hall,
& Schramm, 1975; Witta & Daniel, 1998). Some two decades ago, Games (1978, p.

257) observed, * There is no statistical technique that will always lead us to ‘truth,” nor

v
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any set of procedures that cannot be misused.” Similarly, Marascuilo and Levin (1970,
p. 397) quipped, “To err is human, and now that behavioral researchers are engaging in
inferential activity with increasing frequency, it is more than likely that the number of
erroneous inferences is also increasing.”

Data interpretation errors result in part from shortcomings in the way in which
researchers are trained (Kerlinger, 1960; Newman & Benz, 1998) and from
proliferations of various erroneous “ mythologies” about the nature of research (Daniel,
1997, Kerlinger, 1960). Chief on the list on interpretation errors are various
misunderstandings of results of statistical significance testing. While problems and
misunderstandings associated with statistical significance testing have been given
considerable attention for many years (e.g.,'Bakan, 1966; Berkson, 1938, 1942; Chow,
1988; Cohen, 1994, Daniel, 1998; Gold, 1969; McLean & Ernest, 1998; Nix & Barnette,
1998; Rozeboom, 1960; Thompson, 1989, 1996), with some researchers even calling
for the abandonment of statistical significance testing (e.g., Carver, 1978, 1993), the
statistical significance testing baradigm continues to thrive in studies focused on the
testing of hypotheses regarding quantitative data.

The Roman Numeral Typology of Research Errors

As the above discussion illustrates, research errors may result from a myriad of
sources. Consequently, researchers have conceptualized various frameworks for
understanding errors in an attempt to improve the practice of research. The most well-
known framework of this type utilizes a series of successive Roman numerals to refer to

the various types of error. Four such types of error (Types |, II, lll, and IV) have been
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codified. Neyman and Pearson are generally credited with codifying the original two
error types (Types | and Il) in their expansion of Fisher's conceptualization of the null
hypothesis test (Gigerenzer et al., 1989). In 1970, Marascuilo and Levin noted that
there was some discrepancy as to the definition of the term “Type Ill error,” tﬁough
most today would utilize the term according to Kaiser’ s (1966) conceptualization as
referring to an error in interpreting the directionality of a relationship. Finally,
Marascuilo and Levin (1970, 1976; Levin & Marascuilo, 1972) coined the term “ Type IV
error” to refer to errors relative to interaction effects.

Research training in the social sciences typically gives students at least some
introduction to Type | and Type |l errors, errors related to interpretation of statistically
significant and statistically nonsignificant results, respectively. Type IlI (incorrect
inferences about result directionality) and Type IV (“ effects error”) errors, although not
mentioned with as much frequency in research training, are occasionally given at least
some attention. A wealth of literature has been written proposing various other ways of
codifying error types. Nevertheless, it is our opinion that the Roman numeral scheme of
identifying error types is appealing due to its simplicity. The use of the system of Roman
numerals to label error types serves to simplify labels for errors within a system known
for the cumbersome use of potentially confusing jargon. Consequently, we believe that
a considerable portion of the wealth of excellent writing on the improvement of
educational research can be communicated clearly via an expansion of this typology.

Purpose

The present paper proposes an expansion of the “Roman numeral” typology for

m\z
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understanding common research errors and focuses on (a) a review of Type | and Type
Il errors, (b) an explanation of the oft-forgotten Type Il and Type IV errors, and (c) the
recommendation that six additional types of error be added to this typology. Examples
are presented to illustrate Type | and Type Il errors, with attention given to control of
both types of error. Next, an explanation of typical errors that fall into the Type I
(incorrect inferences about result directionality) and Type IV (" effects error”) categories
is offered, along with examples of erroneous conclusions researchers draw When
committing these errors. Finally, building on our earlier work in codifying research
errors (Onwuegbuzie & Daniel, in press), six additional types of error are discussed and
codified.
A Review of Type | and Type Il Errors

Type | and Type Il errors result from decisions made in relationship to the testing
of null hypotheses. In null hypothesis testing, the researcher proposes a relational
hypothesis that he/she attempts to nullify based on the data in hand selected from a
population of interest. Although the null hypothesis may be any hypothesis that the
researcher attempts to nullify (Cohen, 1988), the most common type of null is the Anil@
null (i.e., a hypothesis of no difference or no relationship). When posing a null
hypothesis (Hp), the researcher begins with two assumptions: (a) that the null is true in
the population of interest, and (b) that the sample is representative of the population of
interest. The researcher also determines an alternative hypothesis that he/she believes
will more appropriately reflect the results of the statistical analysis if there is enough

evidence to reject the null hypothesis.
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Once the hypotheses are determined, the study is conducted, data are collected,
and a statistical result is obtained using the sample employed for the study with the
intention that the result will generalize to the population. The null hypothesis is then
consulted to determine the degree to which it reasonably explains the obtained result.
This determination is made based on a predetermined probability level (i.e., the * alpha”
or “critical probability level”) denoting the likelihood of the obtained result if one
assumes that the null hypothesis is true in the population. The researcher typically sets
alpha (a or pqiticar) at a very conservative level (5% or less), with values of 5% (Pcritical =
.05) and 1% (pPciitical = .01) common in the social sciences. The obtained (calculated)
statistical finding (i.e., the “test statistic”) is then tested against the critical value for that
statistic based on the researcher’ s selected alpha level and a function of the size of the
sample (i.e., degrees of freedom).

For example, suppose a researcher uses the Pearson product-moment
correlation coefficient (r) to measure the linear relationship between two variables for a
sample of 100 persons. The null hypothesis would state that r = 0, and a reasonable

alternative “ difference” hypothesis would be r = 0. If the obtained r value is .30, the

researcher could conclude that the result is statistically significant at the .01 alpha level
based on a comparison with the critical values of r from a table in a statistics textbook.
By stating that this result is statistically significant at the 1% alpha level, the researcher
would conclude that a correlation between the two variables as large as |.30| is less
than 1% likely in the population of interest under the assumption that the null

hypothesis is true. Alternately, the researcher could conclude that the 1% represents
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the conditional probability of obtaining a correlation of |.30| or larger given the null
hypothesis is true. The researcher would reject the null hypothesis, concluding that the
null is not a reasonable hypothesis for the data in hand. The researcher would then
consult the study’ s alternative hypothesis and make conclusions about the findings
based on this hypothesis.

Type | Error (False Positive Error)

Any time that a researcher obtains a statistically significant result, there is some
degree of risk that the null hypothesis has been rejected in error (i.e., that the null
hypothesis that has been rejected is actually true in the population of interest). This
risk, which is related to the selected pcriical l€VEl, is known as the probability of a Type |
error (or a error). In the foregoing correlation example, the null hypothesis was rejected
at the .01 level of statistical significance; hence, the researcher’ s risk of rejecting the
null when it is really true in the population of interest was less than 1%. Obviously, if
the null is true in the population, the correlation between the two variables would be
exactly zero. Because the data in hand yielded an r of .30, one would conclude that
sample bias had contributed to the results under the assumption of a true null. Hence,
Type | error is essentially sampling error.

Because the exact characteristics of the population of interest are rarely known,
it is difficult to determine whether a given sample is truly representative of the
population. In fact, even if the population=s characteristics are known, and the
researcher can document that the sample is identical to the population acrosé a variety

of known characteristics, there may still be other characteristics across which the

10
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sample and the population differ. For this reason, researchers usually employ relatively
conservative levels for alpha. Although utilization of a conservative alpha level is
important in the researcher”s protection against Type | error, it is also important that the
researcher not risk increasing the probability of Type | error by performing multiple
statistical tests with the same data set. This latter problem is known as “ familywise”
Type | error, “ probability pyramiding,” or “the error rate per experiment” (Cook &
Campbell, 1979, p. 43). Hence, researchers are cautioned to limit their research to
those null hypotheses that they find most essential to the purpose of the giveh study
(Stevens, 1996) and/or select statistical tests wisely so as to limit the number of tests
performed (e.g., multivariate tests) while ideally also maximizing the opportunity to
honor the reality to which the researcher is hoping to generalize (Fish, 1988). In order
to accomplish these goals, researchers are admonished to develop their hypotheses
from a sound theoretical framework that is based on the extant literature.

Type Il Error (False Neqgative Error)

Type Il error (beta error) is closely related to Type | error and statistical
significance testing. However, whereas Type | error is probable when statisﬁcal
significance is obtained, Type Il errors may ensue when obtaining a statistically
nonsignifiéant result, thereby supporting the tenability of the null hypothesis. Hence,
Type |l error is the likelihood of failing to reject a null hypothesis that is false in the
population of interest. For example, in an experimental study comparing the effect of
two teaching methods, A and B, on reading achievement, the researcher might utilize a

t-test to compare the achievement of the two groups studied on a final reading

11
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achievement measure. If in the population of interest, method A is more effective than
method B, but in the sample utilized in the study, the achievement level is found to be
the same for the A and B groups (due to sampling bias, imprecision of the achievement
measure, misspecification of the dependent variable, etc.), the researcher would fail to
reject the null hypothesis in error.

Just as the probability of Type | error can be set via the researcher’ s
preselection of a value for alpha, the probability of Type Il error may also be
preselected prior to a study via a statistic known as beta (#); however, it is somewhat
more difficult to preselect beta than alpha. Obviously, because Type | and Type |l errors
result from opposite statistical decisions, attempts to minimize Type | error (by setting a
more conservative alpha level) actually serve to increase the likelihood of Tybe If error,
and vice-versa. ™ Statistical power” (or, simply, “ power”’) is a commonly-used term to
indicate the degree to which a result is not affected by a Type Il error. Statistical power
is mathematically determined by subtracting beta from one (1 - 8); hence, the use of a
“high powered” test will increase the likelihood that a given statistical test will detect
the presence of a statistical effect (e.g., a group difference) when there actually is a
difference in the population of interest, thereby reducing the likelihood of a Type Il error.

In an attempt to explicate the concept of power in everyday terms, Hays (1988, p. 266)
observed,
The power of a test of Hy is not unlike the power of a microscope. It
reflects the ability of a decision rule [alpha] to detect from evidence that

the true situation differs from a hypothetical one. Just as a high-powered

12
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microscope lets us distinguish gaps in an apparently solid material that we
would miss with low power or the naked eye, so does a high-powered test
of Hp almost ensure us of detecting when Hp is false.

In a group comparison study, statistical power tends to increase when sample
size is larger, when the probability of rejecting a null (i.e., the value of a) is increased,
when scores are highly reliable (Onwuegbuzie & Daniel, 2000a) or when the statistic to
be compared across groups (usually the mean) differs to a larger degree. This
difference in means is commonly referred to as the “ statistical effect size.”
Researchers who have some predetermined idea as to what constitutes a reasonable
effect size may use this information along with the alpha level they desire in determining
optimal sample sizes for a given study in order to increase statistical power (Cohen,
1988). This process is commonly known as “power analysis.” Researchers, using
power analysis, as well as other procedures to assure an appropriate research design
(Benton, 1991), can do much to minimize the likelihood of Type Il error. Unfortunately,
many researchers ignore the fact that statistical significance of an effect is largely
dependent on sample size Onwuegbuzie (2000a), with the typical level of power for
medium effect sizes in the behavioral and social sciences disturbingly hovering around
.50 (Cohen, 1962). Thus, it is desirable that more researchers conduct a priori power
analyses.

Explanation of Type Ill and Type IV Errors
Researchers tend to spend so much time on * the twin gremlins, Type | and Type

Il errors” (Marascuilo & Levin, 1970, p. 397) that they sometimes forget to consider the
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potential for Type Il and IV errors. Nevertheless, errors of these latter two types are
costly to result interpretation, and considering the frequency of these errors (Harwell,
1998: Kaiser, 1966; Levin & Marascuilo, 1972; Marascuilo & Levin, 1970, 1976; Umesh,
Peterson, McCann-Nelson, & Vaidyanathan, 1996), it is important that researchers
engaged in null hypothesis testing gain an understanding of Type Il and IV errors so as
to avoid them in their own research.

Type Il Error (Directionality Error)

Type Il error is the likelihood of making an error in the directionality of a
statistical result. For example, in a correlational study, the researcher might find a
positive correlation between variables when, in reality (i.e., in the population of interest),
the variables are negatively correlated. Similarly, in a group comparison study, the
researcher might find that Group A outperforms Group B; yet,.in the population,
treatment B might actually be more effective than treatment A. This sort of erroneous
conclusion is what Huck (2000) has referred to as * the worst kind of inferential error”
(p. 197) because it can potentially lead the researcher to consider a view of
relationships among variables that is contrary to reality.

There is no set formula for tracking Type |l error, but researchers would be wise
to employ some sort of sample splitting and cross-validation whenever possible (Oxford
& Daniel, in press) so that internal replication may be employed to gather a first
estimate of result generalizability and also as a check against Type lll error. More
sophisticated sample splitting procedures (i.e., jackknife and bootstrap procedures) can

also be employed to further examine sample bias and to offer initial evidence of result
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generalizability (Daniel, 2000). Additionally, when some reasonable number of studies
exist in a given area, meta-analysis (Glass, McGaw, & Smith, 1981) can be used as a
check against Type Il error.

Type |V Error (Effects Error)

Type IV error (Marascuilo & Levin, 1970) occurs when a researcher offers an
incorrect follow-up interpretation to a correctly rejected statistical hypothesis. For
example, a researcher might follow * a rejected analysis of variance (ANOVA)
hypothesis with a set of overlapping multiple ¢ tests, each performed at the same alpha
level as chosen for the original F test” (Levin & Marascuilo, 1972, p. 368).
Unfortunately, this procedure may yield statistically significant f values that would not
have emerged had the researcher used pairwise comparisons (e.g., Scheffé tests) that
more appropriately controlled for inflation of Type | error. These results would
constitute a Type IV error. These errors may also be found in some abundance in
multivariate cases. For example, researchers who follow up statistically significant
MANOVAs with multiple univariate ANOVAs increase the likelihood of arriving at
Astatistical decisions that are different from those based on multivariate post hoc
techniques@ (Levin & Marascuilo, 1972, p. 370).

Type IV errors are particularly problematic in the testing of interaction effects.
Researchers who find statistically significant interaction effects in ANOVA, for example,
may incorrectly (due to lack of forethought or ignorance of the nature of interaction
effects) follow these results up with pairwise or “ nested” comparisons of various cell

means. To avoid errors of this type, researchers should consider planned contrasts for
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decomposing complex interaction effects or else more carefully designed post hoc
procedures focusing on cell means that better honor the original interaction hypotheses
(Dodds, 1998). Careful selection of the tests used to break down complex interaction
effects in these models will serve to eliminate Type |V errors from research. These
strategies will also serve to minimize experimentwise Type | error rates.
Expanding the Roman Numeral Typology of Errors

Anyone spending any appreciable amount of time in the literature on research
quality has noted the numerous calls for quelling various errors related to the.use and
interpretation of research and statistical procedures. In an effort to further codify a
number of the problems we have seen identified in this literature, we propose that six
additional error types be added to the four types presently defined via the Roman
numeral typology. Our goal herein is not necessarily to add new insights regarding the
problems we address, but rather to offer an organizational schema whereby these
errors can be more commonly recognized and avoided by social science researchers.
Our expanded typology is illustrated in Table 1. The narrative to follow offers_

commentary on the six additional error types included in the table.

INSERT TABLE 1 ABOUT HERE

Type V Erfor (Internal Replication Error)

Although replication within the social sciences is of paramount importance, and

although repetition of studies with different samples in different settings (external
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replication) is essential to advancement of a field of study, many researchers do not
realize that first estimates of replicability of results can be gathered within the confines
of individual studies (internal replication). For example, except when sample size is
extremely small, it is advantageous for researchers to split samples in half and conduct
their statistical analyses with both subsamples followed by * cross-validation” of the
findings (Daniel, 2000). As illustrated by Oxford and Daniel (in press), cross-validation
involves taking statistical weights derived from one subsample’s data and using these
weights to develop statistical estim:;\tes for the other subsample. As an alternative to
basic cross-validation, researchers may also used the more sophisticated “data
intensive” sample reconstitution procedures, including the “bootstrap” (repeated
resamplings with replacement from a single sample followed by a repetition df the
analysis after each resampling) and the “jackknife” (repetition of an analysis n times
using a sample of size n, with one unique observation removed at each repetition
followed by computation of a weighted estimate of the statistic based on the n
repetitions).

As Onwuegbuzie and Daniel (in press) indicated, internal replications featuring
jackknife and bootstrap procedures allow not only for compiling or averaging of the
results obtained across the various repetitions of the analysis but also for assessment
of the statistical significance of the results obtained at each resampling of the analysis.
It is not unusual for results that were originally statistically significant to be statistically
nonsignificant across at least some of the jackknife or bqotstrap repetitions. Hence,

Onwuegbuzie and Daniel coined the term “ Type V error” to describe internal replication
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error rates, which provides information about how stable the computed p-value is
across multiple resamplings of the same dataset. The internal replication Type | error
rate can be determined by simply'computing the percentage of resamplings in which a
result that was statistically significant using the full sample becomes statistically
nonsignificant. Similarly, the internal replication Type Il error rate can be determined by
computing the percentage of resamplings in which an originally statistically
nonsignificant result with an acceptable level of statistical power yields a result outside
the range of acceptable statistical power.

Type VI Error (Reliability Generalization Error)

It is important that researchers remember that the quality of their research
studies is no better than the quality of the data they collect and analyze. Hence, itis
always important to link statistical results to the measurement characteristics of scores
(i.e., validity and reliability) on the measures used to generate those results. Questions
about the validity of scores on one or more measures of variables used in a study can
result in failure to effectively address a study=s research questions. Insufficient
reliability evidence for data used to measure the variables results in increased error
variance which diminishes the power of statistical results (Hays, 1988; Onwuegbuzie &
Daniel, 2000a; Vockell & Asher, 1995). Further, low reliability coefficients for scores on
one or more variables included in a study can create artificial “ceilings” for correlations
between variables considering that the correlation correlation between any two
variables cannot exceed the square root of the product of the reliabilities computed for

the data on each variable (Crocker & Algina, 1986).
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Reliability generalization is especially problematic considering that (a) relatively
few researchers report reliability coefficients for the data they have collected within a
given study (Onwuegbuzie, 1999; Vacha-Haase, 1998; Wilkinson & APA Task Force on
Statistical Inference, 1999), (b) variations in sample composition can lead to variations
in reliability coefficients for the same instrument (Vacha-Haase, Kogan, & Thompson, in
press), and (c) homogeneity of scores can attenuate reliability estimates (Roberts &
Onwuegbuzie, 2000), and (d) dependent variable scores in group comparison studies
are subject to differential reliability estimates for subsamples (i.e., groups) within the
data set (Onwuegbuzie & Daniel, 2000a). Onwuegbuzie and Daniel (2000a) proposed
the use of an “ upper bound” confidence interval when interpreting reliability
coefficients. This confidence interval can be used to assess the degree to which the
reliability coefficient derived with a given sample differs from an inducted-sample
reliability coefficient (i.e., the reliability coefficient reported by the instrument’ s
developers or in another research study).

Type VII Error (Heterogeneity of Variance/Heterogeneity of Regression Error)

Parametric statistical procedures rely upon certain assumptions about the nature
of the data being analyzed which help assure that the procedures will appropriately
honor the reality of the data. Among these assumptions are several requirements
regarding homogeneity (€.g., the homogeneity of variance assumption in analysis of
variance [ANOVA], the homogeneity of regression assumption in analysis of covariance
[ANCOVA], and the homogeneity of treatment-difference variances assumption in

multivariate analysis of variance [MANOVA]). The ANOVA homogeneity of variance
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assumption provides that the dependent variable variance will be approximately equal
across the populations represented by the levels of the independent variable. There is
some disagreement as to whether violations of this assumption are sufficient enough to
cast doubt upon the legitimacy of the ANOVA results, with many holding the position
that ANOVA is a relatively robust procedure when this assumption is not met-prior to
interpretation of group comparison statistics, particularly if the n’ s of the groups being
compared are equivalent (Heiman, 1996; Shavelson, 1996), though adjusted
homogeneity F tests, such as the Welch, James, and Brown and Forsythe tests, are
recommended by some (e.g., EImore & Woehlke, 1996; Hinkle, Wiersma, & Jurs, 1998;
Maxwell & Delaney, 1990) when the n’ s are not equivalent.

A similavr statistical assumption, the homogeneity of regression assumption in
ANCOVA, tests the relationship between the covariate and the dependent variable
across each level of the independent variable. This assumption is generally perceived
to be extremely important because ANCOVA is not robust to this assumption’s
violation (Hinkle et al., 1998). Failure to meet this assumption indicates that the
covariate has unequally “ adjusted” the dependent variable scores across groups. ltis
generally recommended not to continue with the ANCOVA analysis if the homogeneity
of regression assumption is not met.

Various tests of the homogeneity assumptions have been proposed, with
Levene’s (1960) F test among the most commonly employed procedures. The Levene
test compares dependent variable variances or regression slopes across levels of the

independent variable. A desirable Levene test result is a statistically nonsignificant F
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value, signifying that the variances or regression slopes are roughly equivalent and that
the homogeneity assumption has been met. Checking for and tracking of Type VII error
can be undertaken in several ways. First, the researcher should simply make sure that
the appropriate homogeneity tests are conducted prior to employing ANOVA, ANCOVA,
and other * OVA” procedures. Second, if multiple statistical tests are run, the
researcher should keep track of the number of tests for which data either meet or fail to
meet the assumptions (ANCOVA should be discontinued if the homogeneity of
regression assumption is not met). Third, the researcher should be aware thét
homogeneity tests, like all statistical significance tests are subject to probability
pyramiding (Stevens, 1996). Hence, the researcher should limit the number of ANOVA
or ANCOVA tests (and concomitantly the number of homogeneity tests) run with a
single data set and/or account for increased Type | error via use of conservative alpha
levels and/or corrections to alpha.

An important assumption when conducting MANOVA procedures pertains to the
homogeneity of treatment-difference variances (i.e., sphericity) assumption. This
assumption requires that every measure must have the same variance and that all
correlations between any pair of measures must be the same (Maxwell & Delaney,
1990). Because this assumption is very difficult to meet (Onwuegbuzie & Daniel,
2000b), in order to avoid committing a Type VII error, we recommend that researchers
use the multivariate approach to ‘analyzing repeated-measures data (which bases its
analysis on difference scores) rather than the mixed-methods approach (i.e., with one

factor representing the between-subjects factor(s) and the other factor representing the
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within-subject factor(s)) because the latter necessitates the sphericity assumption that
is not required by the former.

Type VIII Error (Test Statistic Distribution Error)

This type of error, closely akin to Type lll error, is introduced into analyses when
the researcher expresses alternative hypotheses as directional yet assess results
against a distribution of a test statistic as if he/she were using difference hypotheses. In |
terms of distribution of the test statistics associated with these hypotheses, this is
essentially confusion of one-tailed and two-tailed tests. Recall that Type Il error is
related to the posing of an alternative hypothesis that predicts the directionality of the
test in the incorrect direction. Type VIl error results when the researcher poses an
alternative hypothesis in one direction or the other, but then utilizes the non-directional
(two-tailed) portions of the distribution of the test statistic to test for statistical
significance. Obviously, this type of error could also work in reverse (i.e., the
researcher could pose a two-tailed hypothesis and then test only on one side of test
statistic’s distribution); however, this latter expression of the error is not likely
considering that Type VIII error is most typically the result of statistics packages’ use of
the two-tailed test as a default.

Because parametric tests typically employ some sort of test statistic (e.g., {, F)
for which a distribution is known, tests for statistical significance generally yieid
favorable (i.e., statistically significant) results when the obtained result is associated
with test statistics toward the extremes (i.e., the tails) of the distributions. For example,

for relatively large sample sizes (over 150), fcaLcuLatep values greater than a critical




Typology of Research Errors 22

value of |1.96| are generally associated with statistical significance at the .05 level. This
critical value, however is appropriate when one is testing a difference (two-tailed)
hypothesis as the alternative. If the alternative hypothesis is stated in directional (one-
tailed) terms, however, and alpha is kept at .05, it is appropriate to consider a difference
only if it occurs at the particular tail of the distribution, and the critical value of tis
reduced to either +1.645 or -1.645. Hence, it is easier to obtain statistical sig.nificance
using a one-tailed (directional) test than it is using a two-tailed (difference, non-
directional) test, assuming that the researcher is accurate in predicting directionality.
The problem with employing the incorrect portion(s) of the test statistic’ s
distribution for testing the directional hypothesis, is that the researcher may fail to reject
a null hypothesis that really is “ rejectable” if the correct portion(s) of the distribution
had been consulted. This would constitute what we are calling the Type VIII error.
Type VIl errors are probably more common than might be immediately appa_rent due to
researchers’ tendency in many cases not to give the exact hypotheses that were
tested (Hays, 1988; Johnson & Christensen, 2000). _

Type IX Error (Sampling Bias Error)

By “ Type IX error,” we refer to as sampling bias error that results in
inconsistency of results across studies. This is to some degree an extension of Type |
error; however, it is more particularized in that it refers to disparities in results generated
from numerous convenience samples across a multiplicity of similar studies. This type
of error results in what is sometime erroneously referred to by descriptors such as

* contradictory and inconclusive findings.” These results are typically not contradictory
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or inconclusive, but rather represent differences in the populations being tested.
Because convenience samples are used commonly in educational research, Type IX
error is quite common.

In discussing result generalizability, Cook and Campbell (1979) and Pedhazur
and Schmelkin (1991) distinguished between samples that allow one to generalize to a
population of interest and those that allow one to generalize across populations of
interest. Samples selected at random or by other systematic means from a population
of interest allow for the former type of generalization. By contrast, because it is
frequently less clear what populations they represent, convenience samples allow for
the latter type of generalization. Type IX error is only error to the extent that
researchers confuse the two types of research generalizations. Control of this type of
error results from researchers’ willingness to carefully consider the nature of the
samples employed when interpreting research findings. Additionally, providing
complete information about samples employed in research reports may serve to further
quell this source of error.

Type X Error (Degrees of Freedom Error)

Type X error focuses on the tendency of researchers using certain staiistical
procedures (chiefly stepwise procedures) to erroneously compute the degrees of
freedom utilized in these procedures. This final type of error in our proposed expanded
typology is perhaps less visible than are other error types though equally deleterious in
its effects on research quality. Degrees of freedom are essential to an understanding of

most statistical procedures, representing the number of values within a set of
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observations that are free to vary under the assumption that the data in hand will yield
the value of a given statistic in the population. In many statistical procedures,
researchers expend degrees of freedom as they continue to make additional
comparisons or compute correlations among additional variables. Rules for expending
of degrees of freedom tend to follow logical patterns. For example, computation of a
descriptive statistic, such as a mean, expends one degree of freedom; if two means are
compared in a t-test, the researcher expends two degrees of freedom; if four variables
are entered into a regression analysis, the researcher expends four degrees of
freedom.

One glaring exception to this logical pattern is the calculation of degrees of
freedom in stepwise analyses. While stepwise methods are problematic for many
reasons (cf. Cliff, 1987; Huberty, 1994; Onwuegbuzie & Daniel, 2000b; Thompson,
1995), miscalculation of the degrees of freedom when determining variable entry order
in procedures such as multiple linear regression analysis and discriminant analysis is
particularly problematic. For a set of k predictor variables used in an analysis, stepwise
procedures seek to determine which predictor variable serves as the best predictor of a
given criterion variable. Determination is then made as to the predictor making the
second best contribution to explaining the criterion once the variance explained by the
first predictor is rémoved from the analysis, the third best contributor once the variance
explained by the first two predictors is removed, and so on. An alternative to'this
“forward” stepwise procedure is the “backward elimination” method. Backward

elimination puts all the predictors into the model and then removes them one at a time
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based on the variable that makes the least unique contribution to the analysis at any
step of the procedure. Frequently, researchers utilize stepwise routines that combine
both of these procedures (largely because this is the default for a stepwise routine in
many statistical programs), resulting in a stepwise analysis that may alternately include
or exclude variables at any step of the analysis based on the degree to which a
previously-excluded variable makes a uniquely “new” contribution, or to which a
previously-included variable is found to offer a primarily redundant contribution at the
particular step of the analysis.

In computing degrees of freedom for testing stepwise hypotheses, researchers
typically account for one degree of freedom for every variable actually entered into the
predictive equation. However, it is important to note that variables that are consulted
but not included at any step of the analysis should also be credited as expending one
degree of freedom. The stepwise analysis has considered their input, deemed their
contribution to be negligible or inappropriate at the given step of the analysis, and then
assigned them a weight of zero. For example, in a four-predictor multiple linear
regression case, at step one, the relationship of each predictor with the criterion is
assessed even though only one variable is eventually included at that step, and even
though most computer programs would only account for expending of one degree of
freedom. In actuality, this step of the analysis should have expended four degrees of
freedom. Hence, when one correc_:tly computes the degrees of freedom for many
stepwise analyses, the likelihood of obtaining a statistically significant result will

diminish greatly.
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An additional problem identified by the Onwuégbuzie and Daniel (2000b) is that
because stepwise regression analyses utilize a series of statistical significance tests,
these analyses are subject to actual Type I.error rates that can be much greater than
the nominal value of alpha. As noted by these authors, a stepwise regression
procedure that takes five steps to select a final model, with the entry criterion being set
at .05 (which is the default value for statistical packages), results in the probability of at
least one Type | error rate being .23 (i.e., 1-(1 - .05)5). Moreover, if some variables that
are entered are then subsequently removed, then the Type | error rate can increase
even more. Simply put, Type | errors that are inherent in stepwise procedures
exacerbate Type X errors.

In quelling Type X error, we advocate that researchers seriously consider
abandoning stepwise procedures altogetﬁer. This will not only eliminate the degrees of
freedom problem mentioned herein, but will also serve to eliminate other deleterious
problems related to these methods (Thompson, 1995). Further, when interpreting
stepwise results presented by other researchers, it is important to determine what
specific stepwise procedures were employed and to recompute degrees of freedom, if
necessary, prior to accepting the researchers’ conclusions about statistical significance
of the findings.

Conclusion

Without a doubt, social science research has been and continues to be plagued

by a multitude of errors, misinterpretations, flaws, and shortcomings. Reflective

researchers have historically called for better research practices via attempts to codify
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the types of problems they have found in research. The enduring system of identifying
specific research errors and identifying them via Roman numerals has served
effectively to allow researchers to have a common point of reference in discussing
particulars errors that occur frequently and have appreciable effects on the quality of
research interpretations. It is our hope that the expansion of this typology as we
propose herein will serve to further the improvement of research methodology and

practice.
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